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Abstract: 9 
Current trends in research for detection of infections in forests almost exclusively involve the use of a single 10 
imaging sensor. However, combining information from a range of sensors could potentially enhance the ability 11 
to diagnose and quantify the infection. This study investigated the potential of combining hyperspectral and 12 
LiDAR data for red band needle blight detection. A comparative study was performed on the spectral signatures 13 
retrieved for two plots established in lodgepole pine stands and on a range of LiDAR metrics retrieved at 14 
individual tree-level. Leaf spectroscopy of green and partially chlorotic needles affected by red band needle 15 
blight highlighted the green, red and short near-infrared parts of the electromagnetic spectrum as the most 16 
promising. A good separation was found between the two pine stands using a number of spectral indices 17 
utilising those spectral regions. Similarly, a distinction was found when intra-canopy distribution of LiDAR 18 
returns was analysed. The percentage of ground returns within canopy extents and the height-normalised 50th 19 
percentile (height normalisation was performed to each tree’s canopy extents) were identified as the most useful 20 
features among LiDAR metrics for separation of trees between the plots. Analysis based on those metrics 21 
yielded an accuracy of 80.9%, indicating a potential for using LiDAR metrics to detect disease-induced 22 
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defoliation. Stepwise discriminant function analysis identified Enhanced Vegetation Index, Normalised Green 23 
Red Difference Index, percentage of ground returns, and the height-normalised 50th percentile to be the best 24 
predictors for detection of changes in the canopy resulting from red band needle blight. Using a combination 25 
of these variables led to a substantial decrease of unexplained variance within the data and an improvement in 26 
discrimination accuracy (96.7%). The results suggest combining information from different sensors can 27 
improve the ability to detect red band needle blight. 28 
Keywords: forest health, hyperspectral, LiDAR, disease, tree stress 29 
1. Introduction 30 
Climate change is having a significant effect on forest dynamics by altering the frequency and intensity of 31 
forest disturbances (Seidl et al., 2011). In the case of forest insects and pathogens, impacts include damage to 32 
trees, growth loss and tree death, which can affect biodiversity and carbon sequestration (Seidl et al., 2011). 33 
Monoculture plantation woodlands, such as those commonly grown in the United Kingdom (UK), are 34 
particularly vulnerable to disturbance events as species uniformity makes such stands highly susceptible to 35 
pests and diseases (Wingfield et al., 2015). Within the UK, milder conditions have benefitted pathogens, such 36 
as Dothistroma septosporum, which thanks to temperatures closer to their optimum for growth and 37 
reproduction, have lengthened their periods of activity (Ray et al., 2008; Ray et al., 2010). 38 
Dothistroma septosporum (Dorog.) M. Morelet is a fungus that causes red band needle blight, which affects 39 
over 80 pine species worldwide in both native and exotic forest locations (Bradshaw, 2004). Historically, 40 
outbreaks have been sporadic, as red band needle blight had a small effect on hosts growing in their natural 41 
climatic range. However, in recent years there has been an upsurge in its severity (Bulman et al., 2013); in 42 
parts of British Columbia it has led to extensive defoliation and even death of mature native lodgepole pine 43 
(Pinus contorta) trees (Woods et al., 2005). Red band needle blight has a particularly significant economic 44 
impact on plantation forests; due to the severity of the disease, planting of Monterey pine (Pinus radiata) was 45 
abandoned in East Africa (Gibson, 1974), Zimbabwe (Barnes, 1970), India (Bakshi and Singh, 1968), 46 
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Vancouver Island (Canada) (Parker and Collis, 1966) and northern California (USA) (Cobb et al., 1969). The 47 
complex series of damage symptoms, which occur as the disease progresses involves: initial chlorosis, 48 
production of red and brown metabolites, rapid loss of cellular integrity, cellular necrosis and eventual 49 
desiccation (Stone et al., 2003). Infection usually starts in the lower parts of the crown on older foliage and 50 
spreads upward (Macdonald, 2011). As red band needle blight infection is often only visible from the aircraft 51 
in the advanced stages of the epidemic, the traditional infection detection method through large-scale aerial 52 
surveillance is ineffective. Less severe attacks can still be observed through helicopter surveys, which are 53 
performed at lower speed and altitude, but these require a trade-off against coverage. Monitoring can also be 54 
performed through field surveys, which is the most accurate approach allowing for identification of early 55 
infection. However, field surveys are labour-intensive and time-consuming, and thus normally restricted to a 56 
limited number of plots. Remote sensing could serve as a more robust method to map the extent and severity 57 
of the disease. Such information on the spatial distribution and intensity of infection would allow for effective 58 
planning and implementation of appropriate countermeasures by forest managers. 59 
Detection of changes in the condition of vegetation, especially for evaluation of alterations in photosynthetic 60 
activity of plants and in pigments concentrations, is mainly performed with the use of passive optical remote 61 
sensing by analysing the variations in the visible and near-infrared region of the electromagnetic spectrum 62 
(Vogelmann et al., 1993; Penuelas and Filella, 1998; Leckie et al., 2004; Zarco-Tejada et al., 2009; Behmann 63 
et al., 2014). In particular, the red-edge region (680 – 740 nm) was found to provide early indications of plant 64 
stress or disease onset (Penuelas and Filella, 1998; Wilson et al., 1998; Carter and Knapp, 2001). Stone et al. 65 
(2003) also found the most sensitive wavelengths to red band needle blight infection to be located in the 680–66 
690 nm region (study was performed on Monterey pine needles over the visible and near-infrared spectral 67 
region). However, detection and mapping of subtle changes in forest condition, such as foliage discolouration 68 
and defoliation, has proven difficult (Royle and Lathrop, 1997; Radeloff et al., 1999; Kelly and Liu, 2004). 69 
Whilst diseased and healthy trees were shown to be distinguishable when using optical sensors (Pu et al., 2008; 70 
Michez et al., 2016), assessment of disease severity remains problematic (Coops et al., 2003; Leckie et al., 71 
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2004; Pena and Altmann, 2009). Apart from changes in spectral response, defoliation is another key symptom 72 
of most stress factors and damage agents, including red band needle blight. Structural parameters, such as those 73 
retrieved from LiDAR data, could therefore provide vital information for monitoring forest health. Discrete 74 
LiDAR metrics have been used to inspect forest damage caused by such agents as mountain pine beetle (Coops 75 
et al., 2009) and pine sawfly (Solberg et al., 2006; Kantola et al., 2013). Potential capabilities of full-waveform 76 
LiDAR were shown by Shendryk et al. (2016), who were able to successfully classify tree health in terms of 77 
crown dieback in a eucalypt forest. 78 
Current trends in research for detection of infections, almost exclusively involve the use of a single imaging 79 
sensor, i.e. multispectral or hyperspectral imagery (Kelly and Liu, 2004; Leckie et al., 2004; Coops et al., 2009; 80 
Niemann et al., 2015). However, combining information from a range of sensors, detecting different 81 
physiological responses, could enhance the ability to diagnose and quantify infection. Remote sensing fusion 82 
for detection of disease severity in woody plants has only recently started being considered in agriculture 83 
(Calderon et al., 2015; Lopez-Lopez et al., 2016). To date no studies exploring a multi-sensor approach to 84 
detect diseases in forests have been conducted.  85 
The aim of this paper is to investigate the potential of using hyperspectral and LiDAR data for red band needle 86 
blight detection through: (1) identification of best spectral regions and spectrum analysis methods and testing 87 
their transferability to airborne hyperspectral imagery, (2) investigation of LiDAR‑derived structural metrics 88 
potential for detection of changes in the canopy resulting from the disease-induced defoliation, and (3) 89 
identification of most useful spectral and structural features for red band needle blight identification.  90 
2. Material and methods 91 
2.1. Study area 92 
The study was located in central Scotland, UK, in the Queen Elizabeth II Forest Park, which lies within the 93 
Loch Lomond and the Trossachs National Park. The park is managed by the Forestry Commission and consists 94 
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of 50,000 acres of commercial plantation forest and semi-natural woodland. Within the park, Scots pine (Pinus 95 
sylvestris L.) and lodgepole pine (Pinus contorta Dougl.) stands are infected with red band needle blight and 96 
exhibit various stages of physiological stress. Due to a lack of unaffected pine stands in the area, two research 97 
plots were established in similarly aged, diseased lodgepole pine stands with contrasting health statuses in 98 
terms of defoliation and the observed infection level (Figure 1). These plots were selected due to their close 99 
proximity and minimal slope, ensuring consistent local weather conditions. Furthermore, the stand structure 100 
was similar with average distances to the nearest 1 and 3 neighbouring trees of 1.87 m and 2.92 m for plot A, 101 
1.84 m and 2.86 m for plot B. Both stands also had General Yield Class of 10 based on the top height/age 102 
curves provided by Forestry Commission, UK. Within each of the plots, 50 trees were selected for ground 103 
sampling and their positions were recorded by means of land surveying. The severity of red band needle blight 104 
infection was assessed by estimating the proportion of infected to uninfected tree crown, with infection level 105 
expressed as a percentage of total crown length. Infection levels were expressed in 10% steps; in addition, a 106 
1% score was given to trees where the disease was detectable at a trace level. Soil water levels within the plots 107 
were measured to compare local conditions and rule out drought stress; the measurements were performed with 108 
a ML2x ThetaProbe soil moisture sensor at four locations in each of the plots. Plot A was planted in 1965 and 109 
covered an area of 2706 m2; at the time of the survey average tree height was 16.1 m (min = 10.4, max = 21.6, 110 
σ = 2.1), average dbh was 22.6 cm (min = 14.3, max = 49.7, σ = 9.8), average infection level was 34% (min = 111 
1, max = 90, σ = 24) and average soil moisture was 94%. Plot B was planted in 1966 and covered an area of 112 
1919 m2; at the time of the survey average tree height was 15.5 m (min = 7.9, max = 22.6, σ = 4.1), average 113 
dbh was 27.1 cm (min = 15.6, max = 40.7, σ = 5.7), average infection level was 15% (min = 1, max = 50, σ = 114 
12) and average soil moisture was 44%. Plot B, although consisting of infected trees, was used as a proxy for 115 
a “healthy” baseline due to a minimal effect red band needle blight had on tree canopies within it, i.e. no 116 
substantial defoliation was observed.   117 
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Figure 1: The study plots A and B were based in Queen Elizabeth II Forest Park (within the Loch Lomond and 119 
the Trossachs National Park, Scotland, UK). © Crown Copyright and Database Right 2018. Ordnance Survey 120 
(Digimap Licence). 121 
2.2. Airborne data 122 
Airborne visible-NIR hyperspectral (450 - 980 nm, 2 m spatial resolution) and discrete return LiDAR data (8.4 123 
points per m2) were collected from an altitude of 1280 m by the Natural Environment Research Council 124 
Airborne Research Facility using the hyperspectral Aisa FENIX imager and the Leica ALS50 Airborne Laser 125 
Scanner on the 7th August 2014. The atmospheric correction was performed in ATCOR4 version 7.0.3 using 126 
variable visibility. Due to high noise levels, the 685-740 nm spectral range was not available. Pre-processing 127 
of the LiDAR point clouds was performed in the FUSION software (McGaughey, 2016). A digital elevation 128 
model of the plot was generated using ground points with a spatial resolution of 2 m and used for creation of 129 
canopy height models. The ground returns were extracted from the point cloud using a filtering algorithm based 130 
on Kraus and Pfeifer (1998), with 40 iterations and a tolerance of 0.05 m. Canopy height models were generated 131 
with a spatial resolution of 0.5m, assigning the elevation of the highest return within each grid cell; any gaps 132 
in data were filled using a 3x3-window mean. 133 
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Additionally, a lightweight Unmanned Aerial Vehicle (UAV) was used to acquire recordings of the plots, from 134 
which frames were extracted to serve as reference imagery. The UAV used for this purpose was a DJI Phantom 135 
2 Vision+ Quadcopter, which is a lightweight (1160g) aircraft with an integrated, wide-lens camera (with 136 
resolution of 14 Megapixels and recording field of view of 110 degrees). The extracted images were used for 137 
orthomosaics generation, complemented by the Structure from Motion (SfM) workflow in Agisoft PhotoScan 138 
(version 1.2). Five ground control points established within each of the plots were utilised to scale and orientate 139 
the orthomosaics. 140 
2.3. Leaf spectral measurements 141 
Spectral measurements of foliage affected by red band needle blight were acquired in a more accessible young 142 
Scots pine stand on the 20th August (planted in 2003, average recorded tree height: 4.9 m). Upper and lower 143 
canopy of surveyed trees in that plot were destructively sampled at a spacing of around 1-1.5 m to perform 144 
spectral measurements. Sampled twigs from fully-sunlit branches were chosen in a random manner, whilst 145 
homogenisation was achieved by combining needles from different twigs for each sample. In total 40 samples 146 
were collected from 20 trees with infection level ranging from 25 to 80% (average = 59, σ = 13.5). The foliage 147 
samples from the upper canopy parts constituted of predominantly green needles, whilst samples from lower 148 
parts were composed of a mixture of green and partially discoloured needles (yellow and reddish-brown in 149 
colour). Upon collection, the samples were immediately put in sealable bags and placed on ice for later 150 
measurement. The spectral reflectance of the needles was measured using an ASD FieldSpec Pro 151 
spectroradiometer and a fibre optic contact probe with illumination source. The sample needles were closely 152 
aligned to minimise gaps and attached to a black insulating background to form a continuous surface. The 153 
reflectance was then recorded with the probe tip orientated in the nadir position, perpendicular to the leaf 154 
surface, for a spectral range from 350 nm to 2500 nm, at a 1 nm spectral sampling interval. Prior to analysis, 155 
all measured spectra were calibrated for true reflectance of a SpectralonTM reference panel (average reflectivity 156 
= 0.970), and smoothed using the Savitzky-Golay Spline method (Savitzky and Golay, 1964) with a window 157 
size of 10 band separations. 158 
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2.4. Leaf-level analysis 159 
Sensitivity analysis in the visible to SWIR regions was performed to identify wavelengths most responsive to 160 
differences between the samples collected from the upper and lower (partially chlorotic) canopy parts. A 161 
reflectance difference curve (Carter, 1991) was computed by subtracting the mean reflectance obtained from 162 
the lower canopy samples from the mean of the upper canopy spectra. A relative change in reflectance was 163 
then calculated by dividing this difference by the mean reflectance of the upper canopy. The nonparametric 164 
Mann-Whitney U (MWU) test was performed at each spectral channel to compare the between-class 165 
differences in spectral response. 166 
To fully utilise the availability of hyperspectral data in narrow spectral channels, band ratios and normalised 167 
difference indices for each band combination between 450 and 2500 nm were computed (giving a total 168 
4 204 550 narrow band pairs). The MWU test was used to assess the separability of the upper and lower canopy 169 
parts at each band combination, restricting further investigation to indices showing significance at 95% 170 
confidence level. Discriminant function analysis (DFA) with leave-one-out cross-validation (LOOCV) method 171 
was utilised to help identify indices best suited for red band needle blight identification. Further to that, a 172 
number of other commonly used indices were computed and tested; these are summarised in Table 1. All 173 
possible band combinations were examined for each index. 174 
175 
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Table 1: Commonly used vegetation indices tested in this study with formulation and authorship. 176 
Index Equation Reference 
Green Normalised Difference 
Vegetation Index (GNDVI) 
(NIR − G)/(NIR + G) (Gitelson et al., 1996) 
Normalised Difference Vegetation 
Index (NDVI) 
(NIR − R)/(NIR + R) (Tucker, 1979) 
Normalised Difference Water 
Index (NDWI) 
(NIR − SWIR)/(NIR + SWIR) (Gao and Goetzt, 1995) 
Normalized Green Red Difference 
Index (NGRDI) 
(G - R)/(G + R) (Tucker, 1979) 
Photochemical Reflectance Index (PRI) (570nm−531nm)/(570nm+531nm) (Gamon et al., 1997) 
Water Index (WI) 900/970 (Penuelas et al., 1996) 
709/691 709/691 (Stone et al., 2003) 
Enhanced Vegetation Index (EVI) 2.5[(NIR − R)/(NIR + 6*R − 7.5*B + 1)] (Huete et al., 2002) 
Red-edge Vegetation Stress Index (RVSI) (R718+R748)/2-R733 (Merton, 1999) 
WI/NDVI WI/NDVI (Penuelas et al., 1997) 
To investigate the shape of the spectra, the first and second order derivatives were calculated using a finite 177 
divided difference approximation algorithm (Hugenin and Jones, 1986). The amplitudes and wavelength 178 
positions of potential diagnostic features, i.e. peaks and troughs, were extracted for each order. The MWU test 179 
was applied to the potential derivative spectra diagnostic features to assess the separability of the upper and 180 
lower canopy parts. DFA was used to identify derivative variables best highlighting differences between the 181 
top and bottom parts of the canopy, with features that did not show significant separation between group means 182 
excluded. 183 
2.5. Plot-level analysis 184 
A comparative study was performed on the signatures retrieved for each plot from the airborne hyperspectral 185 
data and the metrics retrieved from LiDAR data. To ensure only canopy pixels were taken into account, a 186 
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segmentation of the trees was performed using the discrete return LiDAR dataset. The LiDAR canopy height 187 
models were used to derive a tree top product based on a combination of results from a watershed algorithm 188 
and a local maximum filter (with a circular window of 0.5 m). The product was validated against reference tree 189 
positions (derived from UAV-borne orthomosaics) achieving f1-scores of 0.89, recall of 84% and precision of 190 
95-96%. In total, 238 trees were identified in plot A and 164 trees in plot B. The tree top product was used to 191 
perform a segmentation of individual trees in the plots using a k-means Euclidean distance clustering approach 192 
(Figure 2). The k-means clustering algorithm is an iterative process, which aims to minimise the inter-cluster 193 
variance, defined as the overall sum of distances of the points to the cluster centroids. Gupta et al. (2010) 194 
suggested the squared error function can be minimised further by scaling down the height values of the 195 
normalised raw points and seed points, allowing more precise clusters to be produced, with regard to tree crown 196 
shape. The clusters were created using the extracted tree top positions for initial centroids with scaling down 197 
the height by 0.25. All LiDAR data points below 2 m (i.e. the expected height of lower foliage, as measured in 198 
the field) were filtered out before the processing. The shapes of individual tree crowns were reconstructed by 199 
means of the convex hull. The quality of segmentation was assessed visually in terms of the 3-dimensional 200 
shape and by comparing canopy extents with orthomosaics. Additional validation was provided by relating the 201 
field-measured and LiDAR-derived tree heights. 202 
203 
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 204 
Figure 2: Individual tree segmentation of Plot A LiDAR point cloud using the k-means Euclidean distance 205 
clustering with 0.25 height scaling (a) and example convex hull crown reconstruction (b). 206 
Using the segmented LiDAR point clouds, a number of metrics describing canopy structure were calculated 207 
for each of the identified trees. In order to analyse vertical distribution of points within the canopy, 208 
independently of the tree height, the heights of points were rescaled to a range between 0 and 1, with 0 209 
representing the bottom and 1 representing the top of a given canopy. The metrics included: (i) selected height 210 
measures, i.e. height percentiles (p5, p10, p25, p50, p75, p90 and p95), maximum, minimum and mean height 211 
(hmax, hmin, hmean,), (ii) measures of height variability, i.e. height’s coefficient of variation, standard deviation, 212 
kurtosis and skewness (hcov, hsd, hkur, hske), (iii) percent of ground returns (Gret), (iv) canopy volume (Cvol) and 213 
(v) canopy area (Ca). The area and volume were calculated utilising 2D and 3D convex hulls of the segmented 214 
point clouds. All height-based LiDAR metrics (apart from hmax and hmin) were derived using the height-215 
normalised point clouds. 216 
The segmented trees were used to restrict hyperspectral analysis to tree canopies. For this purpose, a mask 217 
excluding pixels with ≤50% tree cover was created from the 2D canopy extents. In total 368 pixels were 218 
extracted for plot A and 207 pixels were extracted for plot B. For each pixel, the spectral indices (with all 219 
possible band combinations) and derivative metrics identified during leaf-level analysis were retrieved. The 220 
MWU test (performed at 0.05 significance level) was used to assess the separability between the plots for each 221 
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index and structural metric, with features that did not show significant separation between group means 222 
excluded from further investigation. The performance of each of the retrieved variables was assessed using 223 
DFA with LOOCV. Metrics showing good separation between plots were assumed to have a potential for 224 
detecting foliage affected by red band needle blight and were included in stepwise DFA. The stepwise DFA 225 
was performed on chosen metrics extracted for each segmented tree (238 for plot A and 164 for plot B); in the 226 
case of spectral indices, area-weighted means calculated for each tree were included in the analysis. Stepwise 227 
DFA builds a membership prediction model, at each step evaluating all input variables to establish their 228 
contribution to the discrimination between the two classes, “healthy” and infected. As such it can help identify 229 
the most useful features for red band needle blight identification and severity assessment. To minimise potential 230 
multi-collinearity and overfitting, intercorrelations between variables selected by the stepwise DFA were 231 
investigated. Wilks's lambda parameter values, provided by the DFA, indicate the importance of the 232 
independent variable to the discriminant function, whilst chi-square statistic evaluates the strength of 233 
association between variables. 234 
3. Results 235 
3.1. Leaf-level analysis of diseased pine 236 
3.1.1. Sensitivity analysis 237 
The mean reflectance curves of the upper (visually healthy needles) and lower canopy (discoloured needles) 238 
samples show a clear difference between the spectra (Figure 3a). A general decrease in reflectance in the NIR 239 
region, and an increase in the SWIR region is present for the lower canopy spectra. Further to that, an increase 240 
in red reflectance is observed. MWU test confirmed that the populations of the two classes were significantly 241 
different throughout the majority of the investigated spectral range; that is between 520-566 nm, 616-930 nm, 242 
and 1378-2500 nm. The reflectance difference curve (Figure 3b) showed the largest difference occurred within 243 
the upper slope of the red edge; the local minimum of -7.5% was located at 756 nm. Other significant peaks 244 
occurred in the lower slope of the red edge (+4.6% at 689 nm) and in the green absorption region (-2% at 543 245 
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nm). In the SWIR region, the difference between spectra remained fairly consistent (mean = +3.2%, σ = 0.6%), 246 
with two minor peaks at 1403 nm (+4.6%) and 1870 nm (+4.3%). The spectral curve representing the relative 247 
change in reflectance (Figure 3c) indicated regions with highest responsivity. In the visible-NIR part of the 248 
spectrum, similar regions as in Figure 3b were shown to be sensitive; however, their relative importance 249 
differed. The highest relative change in reflectance was observed in the lower slope of the red edge (+50% at 250 
680 nm). The local minima were located at 545 nm (-16.8%) and at 750 nm (-17.0%). In the SWIR region, two 251 
major local maxima were present in the water absorption features at 1450 nm (+45.8%) and at 1907 nm 252 
(+61.3%). Significant differences, increasing with the wavelength, were also observed in between the two 253 
peaks (relative change of around +20%) and past the second peak (relative change of around +35-50%). 254 
 255 
Figure 3: Mean reflectance spectra for the upper (black) and lower (red) canopy parts with dashed lines 256 
representing 1σ standard deviation (a). Absolute reflectance difference and relative reflectance change between 257 
the mean upper and lower canopy parts (b and c). Shaded regions represent wavelengths at which the two 258 
populations are significantly different at 0.05 significance level. 259 
3.1.2. Derivative analysis 260 
The first and second order derivatives of the averaged spectra of upper and lower canopy samples are shown 261 
in Figure 4. The value at the red-edge inflection point (dRE, maximum value of the first derivative between 262 
650 and 750 nm) is considerably higher for upper canopy parts, suggesting a steeper red-edge. Similarly, a 263 
more prominent peak in the first derivative corresponding to the slope of the green reflectance peak (dGE, 264 
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around 525 nm) can be observed. Following this are negative values, which can be attributed to a decrease in 265 
the spectral reflectance between the green and red wavelengths (dG, 550 to 590 nm), with little change in 266 
reflectance exhibited by the lower part of the canopy. In the NIR region, another visibly greater inflection 267 
point, which is attributed to a water absorption feature, can be identified around 1140 nm (dNIR). A peak in 268 
the second derivative between 670 and 700nm represents the minima of the red absorption feature (ddRE), 269 
whilst a trough in the region between 700 and 750 nm corresponds to the reflectance peak in the spectra at the 270 
start of the NIR region (ddNIR). Both of those features were more distinctive in the upper canopy spectra. The 271 
red edge position (λdRE) appeared to be shifted towards shorter wavelengths in the lower canopy. In the lower 272 
canopy group, the λdRE had a wider distribution, which could potentially be caused by a different degree of 273 
infection level in canopies. MWU test indicated that locations of the λdRE were marginally different between 274 
the lower and upper canopy parts (p=0.046). All of the described derivative features were significantly different 275 
between the groups (based on MWU test) and were used for the DFA (Table 2). Derivative features located in 276 
the visible and the red edge region of the spectrum had the highest discriminative power, resulting in accuracies 277 
between 87.5 and 90%, with second derivative variables having slightly lower importance. 278 
 279 
Figure 4: First and second order derivatives of averaged spectra for the upper (black) and lower (red) canopy 280 
samples. 281 
282 
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Table 2: Accuracy levels achieved by the DFA performed on features extracted from the derivative spectra. 283 
Feature 
Order of 
derivative 
Wavelength 
region 
Description 
LOOCV 
score 
dGE 1st 500-550 maximum derivative value 90.0% 
dG 1st 550-600 minimum derivative value  90.0% 
dRE 1st 650-750 maximum derivative value  87.5% 
dNIR 1st 1100-1200 minimum derivative value  75.0% 
ddRE 2nd  650-750 maximum derivative value  85.0% 
ddNIR 2nd  650-750 minimum derivative value  82.5% 
λdRE 1st 650-750 wavelength of dRE 57.5% 
 284 
3.1.3. Spectral indices 285 
The MWU test was applied to the derived vegetation indices to assess the separability of the upper and lower 286 
canopy parts. Further investigation was restricted to indices showing significance at 95% confidence level. 287 
DFA with LOOCV method was utilised to help identify indices best suited for red band needle blight 288 
identification. DFA was performed on all significantly different band ratios and normalised difference indices; 289 
a graphical summary of outputs is presented in Figure 5, whilst Table 3 shows results for commonly used 290 
broad-band indices investigated as part of the analysis. 291 
292 
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 293 
 294 
Figure 5: Accuracy levels achieved by the DFA for band ratios ((λa/λb), left) and normalised difference indices 295 
((λb – λa) / (λb + λa), right). The accuracy levels were retrieved through LOOCV. Areas yielding success rate 296 
below 60% were masked. 297 
Table 3: Accuracy levels achieved by the DFA performed on commonly used vegetation indices. 298 
Index Spectral regions 
LOOCV 
accuracy (%) 
GNDVI* G, NIR 57.5-72.5 
NDVI R, NIR 70.0-80.0 
NDWI NIR, SWIR 70.0-85.0 
NGRDI G, R 75.0-90.0 
PRI G 77.5 
WI NIR 80.0 
709/691 R, NIR 80.0 
EVI B, R, NIR 77.5-87.5 
RVSI R, NIR 85.0 
WI/NDVI R, NIR 72.5-82.5 
*Mann Whitney U test passed at 30% of bands 
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Promising band ratios and normalised difference indices were located in spectral regions highlighted by the 299 
sensitivity analysis. A significant increase in the red and SWIR, and a decrease in the green and short NIR part 300 
of the spectrum for the infected needles was found, which is reflected in the results of this analysis. Most of 301 
the band ratios and normalised difference indices yielded accuracies above 60% (mean of 78% for band ratios 302 
and 77% for normalised difference indices). Among the most successful (up to 90%) were those ratioing blue 303 
and green regions over SWIR water absorption bands (around 1450, 1950 and 2500 nm). Other regions, 304 
combinations of which produced high accuracies, included red and green (80-87.5%), red and blue (77.5-305 
87.5%) wavelengths, as well as pairings of 750-780 and 780-900 nm (80-90%). The 709/691 ratio identified 306 
by Stone et al. (2003) achieved 80%.  307 
Similar spectral regions were identified by the DFA for normalised difference indices. Blue and green regions 308 
against SWIR water absorption bands yielded accuracies of 70-87.5%, red and blue 72.5-87.5%, red and green 309 
(corresponding to NGRDI) 75-90%, 750-780 and 780-900 nm 80-90%. Furthermore, combinations of SWIR 310 
bands, and a pairing of SWIR and NIR regions (corresponding to NDWI) were found to perform well (75-85% 311 
for 1550-1850 and 2100-2300 nm, 75-87.5% for 1500-1800 and 850-1350 nm). The combination of NIR and 312 
red spectral regions, used in NDVI, achieved accuracies in the range of 70-80%. Other investigated vegetation 313 
indices showed good performance at discriminating more diseased from healthier foliage, with all of the 314 
preselected narrow-band indices achieving high accuracies (between 77.5% for PRI and 85.0% for RVSI). 315 
3.2. Plot-level analysis 316 
3.2.1. Tree canopy segmentation 317 
The 2D and 3D convex hulls of the resultant clusters, representing canopy extents, are shown in Figure 6. The 318 
k-means algorithm achieved reasonable partitioning of the data, as demonstrated by the 2D hulls outlining the 319 
canopy crowns visible on the orthomosaics; these were used for mask creation to extract hyperspectral 320 
signatures. The 3D shape of the segmented crowns was also close to the expected silhouettes of pines. Further 321 
validation for canopy segmentation was provided through examination of the relationship between tree heights 322 
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measured in the field and maximum heights extracted from the LiDAR data. The derived heights correlated 323 
well with field measurements, achieving R2 of 0.87 (p < 0.001) for both of the plots. On average, the LiDAR 324 
canopy tops were lower than those measured in the field by 0.54 m in plot A (σ = 0.72) and by 0.84 m in plot 325 
B (σ = 1.48).  326 
 327 
 328 
Figure 6: 2D and 3D convex hulls of the canopies segmented in plots A (left) and B (right). Gaps between tree 329 
clusters in plot B were caused by a recent windthrow. Background: UAV orthomosaic. 330 
3.2.2. Structural characteristics 331 
The LiDAR metrics showed that the trees located within plot A were taller than trees in plot B (on average by 332 
2.1 m) with the bottom of the canopy starting higher (on average by 1.2 m), which was expected considering 333 
plot A was one year older. In both plots the retrieved canopy areas were very similar (mean difference of 0.56 334 
m2), whilst canopy volumes were nearly identical (mean difference of 0.54 m3) (Figure 7). As the 3D convex 335 
hull analysis outputs indicated that canopies of the investigated trees in both plots occupied a similar extent, 336 
the analysis focused on the vertical distribution of points within the canopy, which could provide an indication 337 
of the spread of the foliage and the bottom-up defoliation, characteristic for red band needle blight. 338 
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 339 
Figure 7: Box-and-whisker plots of chosen LiDAR metrics for plots A and B. Mean height, standard deviation 340 
and skewness measures were retrieved from canopy points normalised to the canopy height extent. 341 
Many of the retrieved height-based LiDAR metrics yielded similar response in both plots. Significant 342 
differences were found in the normalised mean height and skewness. Both of the plots were characterised by 343 
higher density of points in the upper canopy, but the proportions were more shifted in the case of plot A – 344 
average skewness of -0.70 as opposed to -0.24 observed in plot B. The clearest difference was found in the 345 
percentage of ground returns within the canopy extents. Within plot A, which is more diseased and defoliated, 346 
more laser pulses were reaching the ground, and consequently fewer pulses hit the vegetation layer; the average 347 
percentage of ground returns was 31 and 18% for plots A and B, respectively. 348 
The height percentiles, presented in Figure 8 as bean plots, confirmed the different inter-canopy distribution 349 
of returns between study areas. The trees in plot A had significantly fewer echoes coming from the lower part 350 
of the canopy; the distributions showed a significantly different shape in that part (5th and 10th percentile), 351 
whilst a nearly identical shape was present in the top parts (90th and 95th percentile). This distribution, alongside 352 
higher penetration through the vegetation layers (illustrated by the percentage of ground returns) suggests lower 353 
foliage density in the lower canopy of trees in plot A, which is expected to have been caused by red band needle 354 
blight defoliation; plot A was characterised by a higher disease level and lower (by almost 20%) uncompacted 355 
live crown ratio. The biggest difference in the normalised height percentiles was found at the 25 th and 50th 356 
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percentile (average difference of 0.1). The height percentiles, alongside the percentage of ground returns could 357 
potentially serve as diagnostic features for detecting the defoliation. 358 
 359 
Figure 8: Bean plots of normalised height percentiles for trees in more diseased plot A (white) and less diseased 360 
plot B (grey), showing their distribution as a density shape with median value marked as a long black line. 361 
One-dimensional scatter plots are shown as short horizontal lines; each line represents a data point. 362 
3.2.3. Discriminant analysis 363 
All derived structural metrics but one, standard deviation of height, proved to be significantly different between 364 
the plots. However, because of the significant overlap, most structural metrics performed poorly at 365 
discriminating the more diseased trees in plot A from the much healthier trees in plot B (Table 4). The only 366 
structural measure which had a good discriminative power was the percentage of ground returns within the 367 
canopy extents, with accuracy of 72.6%. The second best with score of 62.6% were the mean and the 50 th 368 
percentile.  369 
370 
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Table 4: Accuracy levels achieved by the DFA performed on the derived LiDAR metrics and vegetation 371 
indices. 372 
LiDAR  
metric 
LOOCV 
accuracy (%) 
Spectral 
index 
LOOCV 
accuracy (%) 
hmean 62.6 dGE 51.5 
hcov 55.9 dG 58.8 
hkur 50.0 NDVI* 49.5-52.0 
hske 61.6 NGRDI** 49.0-96.6 
p5 49.8 PRI 81.7 
p10 59.9 SR 52.1 
p25 58.7 WI 58.3 
p50 62.6 EVI 90.0-93.1 
p75 60.4   
p90 55.4   
p95 53.8   
Gret 72.6   
*Mann Whitney-U test passed at 45% of bands 
** Mann Whitney-U test passed at 57.5% of bands 
   
The only derivative metrics which could be investigated at a plot-level, because of the discontinuity of the data, 373 
were dG and dGE. These discriminated between the plots very poorly due to a significant overlap in the values. 374 
Even though the metrics proved to be statistically separable (based on MWU), the dG and dGE achieved 51.5% 375 
and 58.8% accuracy levels. Considerably better performance was observed when vegetation indices were used. 376 
PRI, which is associated with changes in the state of the xanthophyll cycle (Gamon et al., 1997), achieved high 377 
accuracy (81.1%), minimally surpassing its performance in the leaf spectroscopy experiment (77.5%). Broad-378 
band indices exhibited a varied performance with NGRDI achieving accuracies above 90% only when utilising 379 
a narrow green reflectance strip (500 – 515 nm). EVI exhibited equally high, but more consistent performance 380 
(90.0-93.1%). The values of those indices had a wider range in plot A, which could potentially be caused by a 381 
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broader range of infection levels across the canopies. The potential influence of different canopy architectural 382 
effects between the plots was ruled out on the basis of LiDAR metrics, which showed the trees in both plots 383 
did not differ significantly in terms of canopy extents (i.e. volume). 384 
Stepwise DFA was applied to help identify the most useful features for red band needle blight identification. 385 
Among the structural metrics, two features were identified as the most useful for separation: the percentage of 386 
ground returns within canopy extents and the 50th percentile (Table 5). Analysis based only on those two 387 
metrics yielded an accuracy of 80.9% (Wilks' lambda = 0.624, chi-square = 186.510). In total, four metrics 388 
were selected by the function: EVI, NGRDI, percentage of ground returns, and the 50th percentile. Using a 389 
combination of variables led to a substantial decrease of the Wilk’s lambda, which is a measure of the 390 
proportion of variance that is unaccounted for, to 0.233 and an improvement in discrimination accuracy to 391 
96.7%. Initially, PRI was also selected by the stepwise DFA but was excluded due to high correlation with 392 
NGRDI (R2 = 0.7).  393 
Table 5: Accuracy levels achieved by the stepwise discriminant function analysis. 394 
LiDAR metric 
Wilk’s 
lambda 
LOOCV 
accuracy (%) 
Variable 
loading  
Variable 
loading  
p50 0.851 62.6 0.618 0.355 
Ground returns 0.740 72.6 0.885 0.374 
NGRDI 0.491 89.9 - 0.694 
EVI 0.483 91.6 - -0.714 
  Wilk’s lambda 0.624 0.233 
  Chi-square 186.510 529.293 
  LOOCV 80.9% 96.7% 
 395 
396 
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4. Discussion 397 
This study investigated the potential of using hyperspectral and LiDAR data for red band needle blight 398 
detection. Leaf-level spectral analysis in the NIR-SWIR region was performed to identify the best spectral 399 
regions and methods for detecting the infection. The reflectance changes observed (that is an increase in the 400 
red, and a decrease in the green, short NIR and SWIR regions) were in accordance with typical symptoms 401 
caused by an onset of stress, expected to also be exhibited by needles affected by red band needle blight (that 402 
is chlorosis and decreasing water content). An increase in the red reflectance would normally be linked with 403 
decreasing levels of chlorophyll (Sims and Gamon, 2002). Lower chlorophyll concentration also allows 404 
expression of β-carotene and xanthophylls, which results in broadening of the reflectance peak located near 405 
550 nm  (Pinter Jr. et al., 2003). The observed increase in the SWIR region can be linked to decreasing water 406 
content, which largely influences the shape of the spectrum in this region (Eismann, 2012). Overall, the spectral 407 
response in the visible-NIR region was very similar to the one observed by Stone et al. (2003), who performed 408 
analysis of Monterey pine foliage affected by red band needle blight. Sensitivity maxima were observed in the 409 
same regions of the spectrum: green, red, and at the start of the NIR region (near 545-550, 680-690 and 750-410 
760 nm). The results of leaf-level analysis are therefore deemed to also be relevant to other pine species, 411 
including lodgepole pine. Discriminant function analysis, used to test the performance of each of the retrieved 412 
derivative metrics and vegetation indices, yielded a broad range of accuracies, from 57.5% for the red edge 413 
position to 90% for the slope of the green reflectance peak, with best performing metrics being based on 414 
derivative values in the green and red regions, as well as the NIR plateau. The shift of the red edge towards 415 
shorter wavelengths was related to plant stress (Hoque and Hutzler, 1992; Carter and Knapp, 2001; Liu et al., 416 
2015), but in this study the red edge position was shown to be only marginally different between the samples, 417 
and consequently a poor discriminator. Nevertheless, the red edge spectral region showed to be promising with 418 
dRE (first derivative value at the red-edge inflection point) and RVSI achieving high accuracies (87.5% and 419 
85%). In general, broadband vegetation indices showed varied performance, dependent on the band placement. 420 
The best index was found to be NGRDI (up to 90%), combining green and NIR regions, followed by EVI (77.5 421 
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– 87.5%). NDWI, which is sensitive to water content within the leaf also showed promising results. Vegetation 422 
indices based on combinations of blue and green wavelengths with SWIR water absorption bands were found 423 
to yield high accuracies. However, SWIR bands within the water absorption features are not normally available 424 
in the field and airborne spectra due to attenuation of the signal in those regions caused by strong atmospheric 425 
water absorption. 426 
At a plot-level, the identified spectrum analysis approaches, applied to airborne hyperspectral data were 427 
investigated for detection of changes in the canopy induced by red band needle blight. Detection of diseased 428 
trees in forests, as opposed to crops, using spectroscopy is complicated by spatially complex forest structure, 429 
which may differ between sites (Zhang et al., 2008). The potential influence of different canopy architectural 430 
effects between the plots was ruled out based on the similarity of canopy extents (as shown by LiDAR). 431 
However, further work would be needed to test the sensitivity of the identified indices to structural differences. 432 
Variable background conditions and understorey vegetation can also affect the recorded spectral response. 433 
Both investigated plots had similar understorey, which was limited to short grass and mosses. The main 434 
difference between the two plots was the soil moisture level. The more diseased plot was characterised by 435 
much higher average soil moisture content (94% as opposed to 44%), with areas of standing water, creating 436 
favourable conditions for red band needle blight to flourish. The higher soil moisture content could impair the 437 
effectiveness of spectral indices at a plot-level. Therefore, to minimise potential effects of background 438 
reflectance, a canopy mask was used to limit the analysis only to tree cover. Blackburn (2002) showed that the 439 
use of canopy masks can substantially increase the accuracy of spectral predictive models for chlorophyll-a 440 
concentration retrieval in coniferous stands through exclusion of canopy gaps. Following the masking, a 441 
number of metrics and indices were investigated at a plot-level among which the two derivative metrics (dG 442 
and dGE) proved to discriminate poorly between the plots. No analysis could be performed on the red-edge 443 
region, which was highlighted during the leaf-level analysis, due to data gaps (i.e. between 685 and 740 nm). 444 
Among the tested narrow-band indices only PRI performed well, achieving accuracy of 81.7%. PRI is sensitive 445 
to the epoxidation state of the xanthophyll cycle pigments and to photosynthetic processes (Gamon et al., 446 
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1992). It has been related to light use efficiency both at leaf and canopy scale, chlorophyll fluorescence and 447 
non-photochemical quenching, and served a pre-visual indicator of stress (Nichol et al., 2006; Peguero-Pina et 448 
al., 2008; Zarco-Tejada et al., 2009). However, at canopy scale, PRI was shown to be strongly affected by 449 
different factors, such as viewing and illumination geometry, crown architecture and shadowing (Nichol et al., 450 
2000; Barton and North, 2001; Hernandez-Clemente et al., 2011). As such, it might prove infeasible for use at 451 
a larger scale. NGRDI, which was shown to be related to green plant growth and biomass (Tucker, 1979), 452 
achieved accuracies exceeding 90%, but only when a narrow green reflectance strip (500 – 515 nm) was 453 
utilised. EVI exhibited equally high, but more consistent performance (90.0-93.1%). 454 
The LiDAR analysis focused on vertical distribution of points within the segmented canopies to provide an 455 
indication on the spread of the foliage. Validation for canopy segmentation was provided through examination 456 
of the relationship between tree heights measured in the field and maximum heights extracted from the LiDAR 457 
data (R2 = 0.87), and showed that LiDAR underestimated tree heights by 0.54 m in plot A (σ = 0.72) and by 458 
0.84 m in plot B (σ = 1.48). Comparable slight general underestimation of tree height was reported by other 459 
studies (Edson and Wing, 2011; Kaartinen et al., 2012); the tree tops are frequently missed by LiDAR returns 460 
as the probability of a laser pulse intercepting the apex of a tree crown is relatively small (Zimble et al., 2003). 461 
Investigation of height-normalised canopy percentiles confirmed the different inter-canopy distribution of 462 
returns. Both plots were characterised by higher density of points in the upper canopy, but the proportions were 463 
more shifted in the more diseased plot, with significantly fewer echoes coming from the lower canopy. This 464 
suggests lower foliage density in those parts, which is expected to be a result of red band needle blight 465 
defoliation. Red band needle blight infection usually starts in the lower parts of the tree on older foliage and 466 
spreads upward, systematically defoliating the affected tree in a bottom-up manner (Macdonald, 2011). The 467 
clearest difference was found in the percentage of ground returns within the canopy extents, with plot A 468 
characterised by more laser pulses reaching the ground (31% as opposed to 18% in plot B), and consequently 469 
fewer pulses hitting the vegetation layer. As a laser pulse is more likely to penetrate the canopy layer and reach 470 
the ground when trees lose foliage, this indicator can also be linked to defoliation; a similar pattern was 471 
26 
 
identified in pine stands damaged by moose browsing (Melin et al., 2016). No differences in the canopy volume 472 
were observed; however, this could have been caused by the flawed nature of the applied convex hulls 473 
approach, which does not account for the inter-crown variability that can be introduced by different patterns of 474 
defoliation. Although red band needle blight generally defoliates trees in a bottom-up manner, infection can 475 
occasionally start in inner parts of bottom branches, move up the inner crown and then outwards along the 476 
branches (Marks et al., 1989). The convex hull method only chooses points on the outermost boundary of the 477 
point cloud, and therefore was found to overestimate the size of tree crowns, and consequently overestimate 478 
the canopy volume (Kato et al., 2009; Tao et al., 2014). The alpha shapes method could alternatively be applied 479 
to restrict the number of facets belonging to the minimum convex polygon (Koch et al., 2014). A promising 480 
approach for crown volume estimation in both deciduous and coniferous tree species was suggested by Kato 481 
et al. (2009); two-dimensional horizontal convex hulls are derived at different heights to select outline points 482 
followed by wrapped surface reconstruction. 483 
The percentage of ground returns and the height-normalised 50th percentile were identified as the most useful 484 
features among LiDAR metrics for separation of trees between the plots. Analysis based on those metrics 485 
yielded an accuracy of 80.9%, indicating a potential for using LiDAR metrics to detect disease-induced 486 
defoliation, possibly at a tree-level if spatial resolution allows. Recently Shendryk et al. (2016) performed a 487 
tree level health classification in terms of crown dieback in eucalyptus trees using full-waveform LiDAR data; 488 
the most successful metrics were based on pulse width and intensity. These metrics could also be transferable 489 
to analysis of red band needle blight defoliation, as they were found to be sensitive to crown dieback and 490 
transparency. However, they would require full-waveform datasets with high point density (in the study data 491 
with 36 points/m2 were used), which were unavailable for these sites. Other studies have mainly inspected 492 
forest defoliation at a stand level (Solberg et al., 2006; Coops et al., 2009; Melin et al., 2016). At an individual 493 
tree-level the focus has primarily been on snag detection (Yao et al., 2012; Wing et al., 2015). To develop a 494 
more comprehensive understanding of changes in the canopy structure following the infection, a 495 
multi-temporal approach could be employed. Investigation of the LiDAR metrics retrieved from a multi-496 
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temporal dataset could provide an indication of the year-to-year defoliation caused by the disease. For instance, 497 
Solberg et al. (2006) mapped the defoliation caused by pine sawfly, in terms of changing LAI, using a multi-498 
temporal dataset.  499 
Stepwise DFA identified EVI, NGRDI, percentage of ground returns, and the 50th percentile as the most useful 500 
features for distinguishing between the two plots. Using a combination of these variables led to a substantial 501 
decrease of the Wilk’s lambda, which is a measure of the proportion of variance that is unaccounted for, and 502 
an improvement in discrimination accuracy to 96.7%. The results suggest combining information from 503 
different sensors can improve the ability to distinguish between different disease severities. Furthermore, as 504 
many different stress factors have common intermediate responses, identification of the primary stressor is 505 
hindered when individual imaging technology is used (Chaerle et al., 2009). The combination of metrics 506 
derived from a range of sensors may provide increased interpretation capabilities and more reliable results 507 
since data with different characteristics are combined. Remote sensing data fusion is a research area with 508 
growing importance, aiming to optimise information extraction. Nevertheless, sensor fusion for detection of 509 
disease severity in woody plants has only recently started being considered. Calderon et al. (2015) used 510 
hyperspectral and thermal imagery to classify five stages of Verticillium wilt in olive orchards and identified 511 
canopy temperature depression and chlorophyll fluorescence as early remote sensing indicators of the disease, 512 
whilst Lopez-Lopez et al. (2016) using the same set-up detected almond red leaf blotch at three severity classes. 513 
Sankaran et al. (2013) utilised visible-NIR part of the spectrum and thermal imagery for detecting citrus 514 
greening disease. Thermography, which is sensitive to alterations in transpiration, could also be integrated into 515 
a multi-sensor analysis of forest stands affected by red band needle blight. Leaf-level studies of diseased foliage 516 
reported an increase in temperature, coinciding with the appearance of chlorotic and necrotic tissues (Chaerle 517 
et al., 1999; Lindenthal et al., 2005), whilst Smigaj et al. (2015) found a weak correlation between estimated 518 
red band needle blight infection level and an increase in canopy temperature. Further research would be 519 
required to assess whether such integration can improve the ability to detect and assess the level of red band 520 
needle blight infection. 521 
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A major limiting factor of this study was the spatial resolution of the hyperspectral imagery (2 m), which 522 
prevented analysis at an individual tree level. Using higher spatial resolution airborne or Unmanned Aerial 523 
Vehicle (UAV)-borne imagery would facilitate a tree level analysis. For this purpose, miniaturised UAV-borne 524 
multispectral or hyperspectral sensors could be employed. With higher spatial resolution imagery, a ‘halo’ 525 
sampling method could be used, which was implemented by Coops et al. (2003). The approach ignores the 526 
central brightest pixel in the tree crown, and extracts a signature from the surrounding pixels. As red band 527 
needle blight normally develops in the lower crown, and then spreads upwards, the ‘halo’ method was shown 528 
to provide a better indication of crown condition. 529 
5. Conclusions 530 
Leaf spectroscopy of green and partially chlorotic needles affected by red band needle blight highlighted the 531 
green, red and short NIR parts of the electromagnetic spectrum as the most promising. Among the derivative 532 
metrics performing best at separating the spectral response of the two sample groups were those based on first 533 
order derivative values retrieved in the green to red-edge region (leave-one-out cross validation accuracy of 534 
87.5–90%). In general, broadband vegetation indices showed varied performance, dependent on the band 535 
placement. The best index was found to be NGRDI, combining green and NIR regions, followed by EVI.  536 
The results of leaf spectroscopic measurements informed airborne hyperspectral analysis performed on 537 
lodgepole pine plantation sites. A good separation was found between the more diseased and consequently 538 
more defoliated plot, and the marginally affected pine stand using a number of spectral indices, including PRI, 539 
NGRDI and EVI. LiDAR analysis focused on vertical distribution of points within the canopy to provide an 540 
indication of the spread of the foliage. Investigation of height-normalised canopy percentiles showed that the 541 
two investigated plots had a different inter-canopy distribution of returns, with significantly fewer echoes 542 
coming from the lower canopy in the more diseased plot. The percentage of ground returns and the height-543 
normalised 50th percentile were identified as the most useful features among LiDAR metrics for separation of 544 
trees between the plots. Analysis based on those metrics yielded an accuracy of 80.9%, indicating a potential 545 
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for using LiDAR metrics to detect disease-induced defoliation. Stepwise discriminant function analysis 546 
identified EVI, NGRDI, percentage of ground returns, and the height-normalised 50th percentile as the most 547 
useful features for distinguishing between the two plots. Using a combination of these variables led to a 548 
substantial decrease of unexplained variance within the data and an improvement in discrimination accuracy. 549 
The results suggest combining information from different sensors can improve the ability to detect red band 550 
needle blight. 551 
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